ABSTRACT Motor imagery-based brain-computer interface (MI-BCI) inefficiency phenomenon is one of the biggest challenges in MI-BCI research. BCI inefficiency subject is defined as the subject who cannot achieve classification accuracy higher than 70% since 70% is considered to be the minimum accuracy for communication by BCI. About 15-30% of the people are MI-BCI inefficiency according to the investigation. Most of the existing studies used common spatial patterns (CSP) to extract motor imagery feature and identify MI-BCI inefficiency subject based on the obtained classification accuracy. We think the MI-BCI performance maybe suppressed because CSP mainly extracts event-related desynchronization (ERD) feature, while the features generated by motor imagery are more than that. In this current work, we screened a total of 12 MI-BCI inefficiency subjects by CSP feature firstly, and recorded the motor imagery EEG data of them. Furthermore, we constructed a task-related brain network by calculating the coherence between EEG channels, the graph-based analysis showed that the node degree and clustering coefficient have intensity differences between left and right hand motor imagery. Finally, the two kinds of features were used to discriminate the two tasks. The results showed that both node degree and clustering coefficient features perform better than CSP, and the feature combination of brain network and CSP achieved higher accuracy than a single feature. In particular, a total of four subjects achieved accuracy higher than 70% by node degree and CSP features fusion. This work demonstrates that the accuracy of the MI-BCI inefficiency subject can be increased by using the brain network feature, but the accuracy gains are not high enough; it is worth to try other types of feature extraction algorithms for the MI-BCI inefficiency subject.
I. INTRODUCTION
Motor imagery-based brain-computer interface (MI-BCI) translates the motor intent of human brain directly into control commands without the peripheral neural pathways [1] . There are two main application prospects for MI-BCI: one direction is developing augmentative communication and control systems for disabled people, such as 2-D cursor control [2] - [4] , wheelchair control [5] , [6] , robotic arm
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control [7] , and virtual reality control [8] ; the another direction is restoring the motor function for the patients with impaired motor function through connecting to the functional electrical stimulation (FES) [9] - [11] and robotic exoskeleton [12] - [14] .
MI-BCI decodes the motor intent mainly through detecting event-related desynchronization/synchronization (ERD/ERS) information which involved in the scalp EEG [15] . In order to extract the motor imagery related features from background EEG, many kind of feature extraction algorithms have been proposed [16] , [17] . Common spatial patterns (CSP) is one of the most powerful methods for extracting motor imagery EEG features [18] , it maximize the variance of one class EEG data while minimize the variance of the other class EEG data simultaneously through the trained spatial filters. Several algorithms derived from CSP have also been proposed in order to enhance the robustness and improve the performance [19] - [24] . Besides, other types of algorithms which based on spectrum analysis, time-frequency analysis, and electrophysiological source imaging have also been proposed for extracting motor imagery EEG features [25] - [27] . Although the average classification accuracy of MI-BCI have been increased by these excellent feature extraction methods, a small part of subjects still cannot achieve higher MI-BCI accuracy.
BCI inefficiency subject is defined as the subject who cannot achieve classification accuracy higher than 70% [28] , because 70% is considered to be the minimum accuracy for reliable communication by BCI [29] , and they were also called as BCI illiterate in some papers [30] , [31] . According to the Berlin-BCI team, about 15-30% of the normal subjects are MI-BCI inefficiency, Blankertz et al surveyed 80 healthy subjects and found that 30 of them (37.5%) could not achieve classification accuracy higher than 70% [30] , our previous study which involved of 40 subjects has also confirmed MI-BCI inefficiency phenomenon [32] . Recently several predictors based on resting-state EEG rhythms, resting-state EEG network efficiency, fronto-parietal attention network efficiency, and deep brain structures have been developed to identify the MI-BCI inefficiency subject [33] - [36] . These predictors help us understand the MI-BCI inefficiency phenomenon in-depth, but we still cannot fully explain why MI-BCI inefficiency subjects cannot achieve higher accuracy until now. MI-BCI has great promise for helping patients with severe motor deficits [37] , as it could provide motor assistance and restore motor function [9] , [12] . However, most of the MI-BCI system cannot meet the needs of targeted patients at present [38] , and one of the important problem is the existence of MI-BCI inefficiency phenomenon.
It is well known that motor imagery results in a circumscribed ERD which localized close to sensorimotor areas [39] , thus most of the existing feature extraction methods focus on maximizing and stabilizing the local ERD difference in order to improve the classification performance. We think the cause of the lower MI-BCI classification accuracy maybe inefficiency subject cannot produce clear and stable ERD when they perform motor imagery. Therefore, it is necessary to apply new kind of features for these subject. Studies conducted by positron emission tomography and functional magnetic resonance imaging showed that motor imagery recruits a large fronto-parietal network more than the sensorimotor areas alone [40] . Kasess et al utilized dynamic causal modeling (DCM) to investigate the effective connectivity between supplementary motor area (SMA) and primary motor cortex (M1), and found that the deactivation in M1 during motor imagery is caused by suppression from the SMA [41] . Chen et al used granger causality mapping (GCM) to explore the effective connectivity between different brain regions during motor imagery, and found that more brain regions show effective connections to the SMA during the right hand motor imagery than the left hand motor imagery, but the strength of the casual influence during the left hand motor imagery is stronger than that of the right hand motor imagery [42] . Gao et al further studied the connectivity patterns by conditional GCM and graph-theoretic methods, and the results demonstrated that there are dense connection between SMA, dorsal premotor cortex, M1, inferior parietal lobule and superior parietal lobule of left hemisphere during right hand motor imagery, while the connection between the above brain regions of right hemisphere is sparse, and such connectivity patterns are opposite for the left hand motor imagery [43] . These related researches inspired us to increase the accuracy of MI-BCI inefficiency subject from the network perspective.
Due to the involved brain networks are different between left hand and right hand motor imagery, using the EEG network feature to discriminant motor imagery tasks is reasonable. A few studies have utilized the connectivity feature in MI-BCI for normal subject. Brunner et al extracted the degree of phase synchronization between two EEG channels by calculating the phase locking value (PLV) [44] , Daly et al proposed to calculate the phase synchronization between all pairs of intrinsic mode functions (IMFs) after applying empirical mode decomposition firstly [45] . Billinger et al compared several connectivity measures, and concluded that the full-frequency directed transfer function (DTF) and direct DTF (dDTF) perform as good as band power method [46] . These studies indicate that brain network feature could be used for motor imagery recognition, but it did not show significant advantages compared with band features in normal subject group.
As for MI-BCI inefficiency subject, discriminative features cannot be extracted by the previous algorithms which mainly focus on the power decrease of sensorimotor area. Brain network measures the interaction of spatially separated brain areas, and discriminative information may be hidden between the channel interactions in EEG signal of MI-BCI inefficiency subject, even though obvious contralateral ERD cannot be detected. In current study, we screened 12 MI-BCI inefficiency subjects at first, collected their EEG data when they were performing left and right hand motor imagery task, constructed the task-related brain network by coherence measure, analyzed the brain network topology and extracted the network characteristics by using graph theory. Finally, support vector machine (SVM) classifier was used to evaluate the discrimination performance of network feature on inefficiency subject.
II. MATERIALS AND METHODS

A. SUBJECTS AND SIGNAL ACQUISITION
32 BCI-novices took part in the study. All of the subjects were healthy university students, none of them took VOLUME 7, 2019 psychotropic drugs before participating in the experiment. They were asked to read the informed consent at the beginning of the experiment, and were paid accordingly at the end of the experiment. Subject screening procedure was based on the self-built MI-BCI system of Henan Key Laboratory of Brain Science and Brain-Computer Interface Technology (Zhengzhou, China), which consists of offline and online modules. CSP and SVM were used as feature extraction and classification algorithms, details please refer to Section D. At last, we screened 12 subjects (3 females, aged 21 ± 2.2 years old, all right-handed) out based on the offline accuracy, and the offline MI-BCI classification accuracy of them were all under 70%.
The EEG signals were acquired by the SynAmps2 amplifiers (Neuroscan Instrument, USA). A total of 64 electrodes were selected to record EEG signals, and they were placed by the international standard 10-20 system. All electrodes were referenced to the AFz electrode, and the impedances were kept below 5 k during recording. The EEG signals were sampled at 1000 Hz and filtered between 0.5 and 45 Hz.
B. EXPERIMENTAL PARADIGM
The subjects sat on chairs in front of a computer screen and performed left or right hand motor imagery tasks according to the cues on the screen, Fig. 1 showed a single trial experiment flow. Each trial started from a 4 seconds rest period, then followed by a yellow vertical box on the left/right side of the screen to instruct that the subject prepare to perform the following left/right hand motor imagery. When the yellow prompt box color became green, the subject began to perform left/right hand motor imagery, and the task was lasted for 5 seconds. The left and right cues appeared on screen randomly. Each subject was recorded 8 runs, and there were 30 trials per run and about 15 trials for each motor imagery condition. Subject rested about 2 minutes between the consecutive two runs. In total, 240 trials of motor imagery EEG data were collected for each subject. 
C. DATA PREPROCESSING
The raw EEG data was firstly re-referenced by the reference electrode standardization technique (REST) [47] , [48] , which was downloaded at www.neuro.uestc.edu.cn/rest [49] . REST was developed by Yao in 2001 [47] , it mathematically transforms the actual multi-channel EEG data recorded with a scalp point reference to recordings referenced at infinity reference. Recent simulation studies showed that REST reference can recover the true EEG network more accurately than the other EEG reference techniques [50] , A comparative study on real EEG data also verified that typical EEG features could be more clearly presented by applying REST reference than by applying average reference (AR) [51] .
20 sparsely distributed electrodes were selected in order to reduce the volume conduction effect during brain network construction, and their names are F3, Fz, F4, FC3, FCz, FC4, C5, C3, Cz, C4, C6, CP3, CPz, CP4, P3, Pz, P4, O1, Oz and O2. Then the EEG data was segmented by the event marker, and the obtained EEG segments were labeled according to the screen cues. All the 5s EEG data during motor imagery was selected for the following analysis, and those trials with absolute amplitude above 100 µv were considered to be contaminated with strong artifacts and will be removed from the following analysis.
D. COMMON SPATIAL PATTERNS AND SUPPORT VECTOR MACHINE
The preprocessed EEG segments were band-pass filtered between 8-30 Hz by using the eegfilt function of EEGLAB (version 14.1.1) [52] . CSP was used to train the spatial patterns [18] , and the most discriminative two pairs of optimal spatial filters were selected to transform the band-pass filtered EEG signal. The logarithm of the variance of the 4 surrogate channel EEG signals were served as the features for task recognition. At last, SVM with linear kernel was chosen as the classifier, the model of SVM classifier was trained based on the training samples, and the trained model was then used to classify the test samples to obtain the offline classification accuracy. For each subject, 10-fold cross-validation method was used to calculate the average classification accuracy. 90% of the trials were served as training set, and the remaining 10% of the trials were served as test set for each fold, and the above procedures repeated 10 times to make sure every trial has been treated as a test sample, finally the mean value of the 10 obtained accuracies was set as the accuracy of one subject.
E. MOTOR IMAGERY EEG NETWORK CONSTRUCTION AND GRAPH THEORY ANALYSIS
The motor imagery EEG network was constructed by a collection of nodes and edges between pairs of nodes. In the current study, the 20 EEG electrodes were defined as nodes of the network. The edges were calculated from the 5 seconds EEG segment of each trial, and we selected coherence as a measure to characterize the functional connectivity between a pair of electrodes [53] . Coherence is an index that characterizes the linear relationship between two channel EEG signals at a certain frequency and is a popular method for analyzing neural activity synchronization. The high coherence coefficient means that the synchronicity between two channel EEG signals is strong, i.e. the functional integration, oppositely low coherence coefficient means that the synchronicity between two channel EEG signals is weak, i.e. the functional 74492 VOLUME 7, 2019 segregation. For two EEG signals x(t) and y(t), the coherence coefficient between them can be expressed as
where S xy (f ) is the cross spectral density between x(t) and y(t), S xx (f ) and S yy (f ) is the auto-spectral density of x(t) and y(t), respectively. In this paper, the mean coherence of mu band (8-13 Hz) is taken as the edge of the motor imagery EEG network, and a 20 × 20 connectivity matrix was constructed for motor imagery EEG segment of each trial. Functional network are divided into weighted functional network and binary functional network. Among them, the edges of weighted network represent the strength of synchronization between nodes in the network, while the edges of binary network only represent whether the nodes are connected. Generally, binary network is created by setting a threshold on weighted network, and much information is lost after this binarization process. Thus we chose weighted network as the feature in current study.
We then calculated two simple network measures based on the graph theory. The network measures were calculated using the Brain Connectivity Toolbox [54] (http://www.brainconnectivitytoolbox.net/). The degree of one node is the sum of the connection strength of all edges connected to this node in the network. Node degree is a basic and important measure of the network, and the value reflects the importance of a node in network. The degree of node i is defined as, (2) where N is a collection of all the nodes in the network, w ij is the network edge between node i and j. Simple measures of segregation are based on the number of triangles in the network, with a high number of triangles implying segregation. The number of triangles connected to node i in the network is, The fraction of triangles around an individual node is known as the clustering coefficient. The clustering coefficient of a node is the ratio of the node's neighbors that are also neighbors of each other. The clustering coefficient of a node is defined as,
We analyzed the motor imagery EEG signal of MI-BCI inefficiency subject based on the task-related network and the two simple network measures.
III. RESULTS
The connectivity matrix for each motor imagery trial was constructed based on the EEG segment firstly, then they were divided to two groups according to the label. Fig. 2 showed the mean connectivity matrice of left and right hand motor imagery for two example subjects. The top right corner and bottom left corner of all the four connectivity matrice are dark blue color, indicating that the synchronicity between frontal and occipital channels are weak during motor imagery, the stronger synchronicity are mainly occurred in frontal and parietal channels. The mean connectivity matrice were similar between left and right hand motor imagery for individual subject, thus it is difficult to discriminate the motor imagery tasks by network edges directly.
Two simple network property measures derived from graph theory were further calculated based on the single trial connectivity matrix, and the mean node degree and clustering coefficient were then calculated on single subject level, the topological distributions were shown in Fig. 3 and Fig. 4 , respectively. We could find that the node degree and clustering coefficient on sensorimotor area are stronger compared with the frontal and occipital nodes during both left and right hand motor imagery task. Besides, there are differences in the average node degree and clustering coefficient on sensorimotor area between left and right hand motor imagery, the node degree on right sensorimotor area are higher during left hand compared with right hand for the two example subjects, and the clustering coefficient topological distribution have similar results, too, although the differences are weaker.
We then calculated the node degree and clustering coefficient of the channels on left and right sensorimotor area for all the 12 subjects, then using the average value of channel C3, C5, and CP3 to denote left sensorimotor area, and the average value of channel C4, C6, and CP4 to denote right sensorimotor area. The comparison results of left and right hand motor imagery were shown in Fig. 5 . The results did not present unified pattern in the 12 subjects, the mean node degree and clustering coefficient of the left hand motor imagery were higher than right hand on both the left and right sensorimotor area for 8 out of 12 subjects, while it revealed opposite pattern for the remaining 4 subjects. The above difference between left and right hand was not obvious, 3 subjects were significantly different on right sensorimotor area, and only 1 subject had statistical significance on left sensorimotor area.
Finally, we took the node degree and clustering coefficient of all 20 nodes as feature, and used SVM with linear kernel to classify the left and right hand motor imagery tasks. 10-fold cross-validation method was chosen to evaluate the classification performance of network feature, the results of 12 subjects were listed in Table 1 . Degree feature achieved average accuracy as 63.2%, which is 5% higher than CSP, but not all subjects obtained accuracy improvement than CSP, actually 2 subjects' accuracy decreased. Clustering coefficient feature achieved average accuracy of 59.4%, which is 1.3% higher than CSP, and 8 individual subjects got accuracy improvement.
Features extracted by CSP were focus more on local brain activity, while network features reflected synchronization of distributed brain regions, thus combing network features and CSP-based features may provide more comprehensive motor imagery-related information. We then evaluated the classification performance of feature combinations. As shown in Table 1 , the accuracies of all subjects were increased except subject S6, it proved that feature combination is valuable for accuracy improvement. Besides, when combing degree and CSP-based features, the accuracies of all subjects were higher than CSP, and the average accuracy increased from 58.2% to 66.1%. As for clustering coefficient and CSP-based feature combination, 10 out of 12 subjects achieved higher accuracy than CSP alone, and the average accuracy was 61.2%.
The results shown in Table 1 indicated that EEG network based feature extraction method is a better choice for MI-BCI inefficiency subject when comparing with CSP. After constructing task-related EEG network, usually we need to reduce the feature dimension of the connectivity matrix, and node degree and clustering coefficient could be considered as two kind of dimension reduction methods derived from graph theory. In current study, node degree feature performed better than clustering coefficient feature. Table 1 also suggested that feature combination achieve higher accuracy than independent feature in most cases.
IV. DISCUSSIONS
Why MI-BCI inefficiency subject cannot achieve higher accuracy? How to increase the accuracy of MI-BCI inefficiency subject? These are the two core questions that our group is concerned about. Since Blankertz and Dickhaus raised the first question in 2009 [55] , several groups, including us, have contributed their research results in order to answer the question in the last 10 years, and the study summary could refer to the two review papers [31] , [56] . As for the second question, we have not found the relevant research until now. It is considered that the accuracy of MI-BCI inefficiency subject is hard to be increased, because their motorrelated brain network is less-developed. However, we thought it is valuable to develop methods to increase the accuracy of MI-BCI inefficiency subject.
In current study, we collected the motor imagery EEG data of 12 MI-BCI inefficiency subjects, used the coherence to measure the functional interactions between EEG channels, constructed functional brain network during motor imagery task, analyzed the network characteristic difference based on graph theory, and evaluated the classification performance of brain network feature at last. The classification results were compared with classical CSP method, Table 1 revealed that both node degree and clustering coefficient feature performed better than CSP. In particular, 2 subjects achieved accuracy higher than 70% by node degree and clustering coefficient features, meaning that they are not considered as BCI inefficiency anymore. Therefore, we believed that the accuracy of MI-BCI inefficiency subject can be increased if using suitable feature extraction algorithm.
MI-BCI inefficiency subject has an inefficient resting-state brain network [35] , [36] , leading to a lower amplitude of resting-state sensorimotor rhythm [30] , [32] , [33] , the amplitude of sensorimotor rhythm decreases when subject perform motor imagery, this phenomenon is also called ERD. Because of the lower amplitude of sensorimotor rhythm during relax state, the motor imagery ERD is not obvious for MI-BCI inefficiency subject. CSP mainly extracts motor imagery ERD feature through the optimized spatial filters, when the local ERD is not obvious, the optimization process maybe biased, resulting in lower accuracy for MI-BCI inefficiency subject.
Functional magnetic resonance imaging studies demonstrated that motor imagery involves multiple brain regions [57] , our recent EEG study conducted on MI-BCI efficiency subject found that the dynamic network patterns are different between left and right hand motor imagery [58] , most of the channels, not just located on the sensorimotor area, are included in the brain network during motor imagery task, while the contralateral sensorimotor area is served as the centroid hub. If the ERD feature is not obvious for MI-BCI inefficiency subject, it is valuable to try other kind of features. According to the brain network studies of motor imagery [40] , we proposed to use network characteristics to represent motor imagery EEG features for MI-BCI inefficiency subject. Evaluation results of two simple network measures indicated that network feature is valuable, for that they achieved higher accuracy than CSP. Besides, due to CSP and network method extracting different kind of motor imagery EEG features, we further merged the two kind of features together. Results listed in Table 1 show that feature combination is helpful for increasing accuracy. Specifically, 4 out of 12 subjects obtained accuracies higher than 70% with node degree and CSP feature combination.
Coherence in mu band was used to estimate the functional interactions across distributed brain regions in current study. Coherence is a measure of synchronization between two signals based mainly on phase consistency, in each frequency band, coherence measures whether two signals can be related by a linear time invariant transformation [59] , and high coherence suggests functional integration between brain regions. Srinivasan and Nunez et al found that volume conduction can elevate EEG coherence at all frequencies for moderately separated electrodes [53] , two nearby EEG electrodes will appear coherent across all frequency bands because they record potentials generated by the same sources. In order to reduce the volume conduction effect, we selected sparse EEG electrodes and used REST to re-reference the EEG signal before constructing the EEG network [48] , [50] . More importantly, the main purpose of current study is to extract discriminative motor imagery EEG features from network perspective, not to investigate the brain mechanism of motor imagery, the classification accuracy will not decrease as long as the expanded coherence does not affect the stability of the extracted feature. Krusienski et al compared the classification performance of spectral power and coherence features, and found that spectral power feature produce average accuracy at least as good as coherence [60] . But they did not distinguish between MI-BCI inefficiency and efficiency subject, spectral power feature strongly rely on the activity of sensorimotor area, while MI-BCI inefficiency cannot produce such discriminative activity during motor imagery. Meanwhile, it implies that whether higher accuracy can be achieved by brain network feature for MI-BCI efficiency subject need further investigation.
What is the significance of improving the accuracy of MI-BCI inefficiency subject? It depends on the application direction of MI-BCI, if MI-BCI is used as augmentative communication and control technique, we can screen the MI-BCI inefficiency subject by some biomarkers and recommend them to try other BCI modalities. However, if MI-BCI is used to restore the motor function of impaired patient such as stroke, it cannot be replaced by other modal BCIs. In this case, any accuracy improvement is meaningful for the patients with anxiety. If the control accuracy is close to a random level, they will become more anxious and self-doubt, and lose confidence to continue using MI-BCI for rehabilitation. However if the accuracy is higher than random level, it will give them confidence, and thereby accelerate the process of rehabilitation [61] .
Undirected connections are considered in current study, while dynamic motor imagery network study showed that contralateral sensorimotor area is an important output node VOLUME 7, 2019 FIGURE 5. Mean degree and clustering coefficient differences on the left/right sensorimotor areas between left and right hand motor imagery. *denotes the difference is statistically significant (two sample t test, p < 0.05).
in the motor imagery EEG network, thus directed connection measures such as directed transfer function has the potential for increasing the accuracy of MI-BCI inefficiency subject. On the other hand, deep learning has applied successfully in EEG-based BCI [62] and driver mental states classification [63] recently. The significant advantages brought by deep learning are prior assumption free and less data preprocessing procedures, thus it can do end-to-end training in BCI classification [64, 65] . Using deep learning to train the EEG data of MI-BCI inefficiency subject may find features that we have not realized now.
V. CONCLUSIONS
In current work, we recorded the motor imagery EEG data of MI-BCI inefficiency subject, calculated the coherence between EEG channels and used it to construct functional brain network during motor imagery task, analyzed the network characteristic difference between two motor imagery tasks based on graph theory, and evaluated the classification performance of brain network feature at last. Comparison results showed that both node degree and clustering coefficient features perform better than CSP, and feature combination of brain network and CSP achieve higher accuracy than single feature. In particular, 4 subjects achieved accuracy higher than 70% by node degree and CSP features fusion. Network features are a better choice for MI-BCI inefficiency subject, but the accuracy gains are not high enough, it is worth to try other types of feature extraction algorithms for MI-BCI inefficiency subject. 
